In this paper, we study a method of associating a person and an object utilized by him/her in real-time and an adhoc manner. The correlation coefficient is utilized to represent the proximity of the acceleration signal patterns from wearable sensors on different parts of the body and sensor augmented daily objects. The coefficients are evaluated in terms of the accuracy of the association and different varieties of calculating the correlation along 3D acceleration axes are studied. Also, the effects of the size of the time window and the sampling interval are examined.
Introduction
In a ubiquitous computing environment, the notion of context-awareness plays a key role, where a person's contextual information is utilized as a filtering parameter to narrow the information overflow. We have proposed the notion of a sentient artefact as a method for implicit and natural context extraction [4] . A daily object like a chair, an alarm clock, etc., is developed to assist a specific task, which means the state-of-use can be a clue to infer the user's activity related to the task. Additionally, an object that is not shared with others (e.g. a toothbrush) can be utilized as a trigger for a personalized service using the owner information. In the future, a wrist watch, a necklace, shoes and clothes will be augmented with sensors so that the user's activity can be monitored continuously and implicitly. We believe that the colloboration between of an artefact and wearable sensors can finally lead to a conclusion like: "The user of this vacuum cleaner is the wearer of the wrist watch." This can be defined as the association of an object with its owner. Association allows a system to recognize a more complex context that consists of temporally distributed utilization of objects. For example, we utilize a pot, a cup, a spoon, a teabag, etc., to make tea. One can use a cup to have a coffee, or just drink water. This indicates that the more the number of objects in use increase, the more the context gets concrete and complex. A system can utilize the association to connect the events of using the objects. In other words, the information of the user of an object can be the key to distinguish many events of usage from each other. Furthermore, by association, one can avoid the intentional or unintentional misusage of an object that is not assumed to be shared by others. Many studies have been conducted on activity recognition by body worn sensors [2, 6, 7, 8] . The concept of the approach is implicit acquisition, where the contexts are related to the motion of the user's body parts and they are continuously monitored. In most cases, the target activities are human's basic ones, e.g. walking, running, sitting. Even artefact related activities, like brushing teeth or vacuum cleaning, are recognized by only wearable sensors [2, 12] . However, still it is difficult to say who did turn the knob of the door, and thus the door cannot determine whether it can unlock or not, for example. With the association information, a system can provide a more reliable context-aware service as the particular role or functionality of an object and the proprietary nature of such an accessory gives additional knowledge for the system. Providing such association in real-time and in an ad-hoc manner is important as it releases the user of the system to focus on the main task. In this study, we take the approach where the proximity of the acceleration signal patterns is utilized for making an association. Here, the signals come from sensors attached on different parts of the body (wearable sensors) and sensor augmented daily objects (sentient artefacts). On the detection of the objects usage, a sequence of data is distributed to the terminals of the persons who are close by. In a terminal, a distance metric for the waveforms from both the object and the person is calculated. All the metrics from each terminal are compared to find the provider of the most proximate value. No pre-registration of some identifiable metrics, e.g. fingerprint, is required, and the dependency on an environment (a video camera-based scene recognition, for example) does not need to be considered. The contribution of the paper is that it provides insights into the utilization of the correlation coefficient to associate two things in real-time and in an ad-hoc manner. The correlation coefficient has been utilized for the same purpose in [1, 5] , but the characteristics has not been shown concretely. To the end of the paper, we show the appropriate way of calculating the metric, and the effect of the window size and the data sampling interval in the calculations. Also, a wide range of daily objects are tested to see the applicability of a correlation coefficient as the metric. The rest of the paper is organized as follows: related work is examined in section 2. The overview of the association algorithm is shown in section 3. Section 4 presents the method of the data collection experiment with the resulted waveforms. Then, in section 5, we examine the analyses done in a simulated environment. Finally, we conclude this paper in section 6.
Related Work
User identification and authentication are associating procedures where the identified person is logically connected to a service provided by a system containing the identification component. No matter how the identification is achieved, the pre-registration of a person's information, e.g. the fingerprint, is required. Also, the explicit way to initiate the identification process loses the advantage of the artefact-based context recognition. The concept to connect two things by the proximity of the moving pattern is similar to the one introduced in the SmartITs project [13] , where a correlation metric is utilized to represent the proximity [1, 5] . However, the details of the proximity calculation is not described, e.g. how to calculate the metric, the effects of the calculation window size and the sampling interval. Our paper will provide insights into the selection of the appropriate parameters to utilize such a correlation coefficient-based approach. A radio frequency identification (RFID) technology can also be utilized for making an association. In the guide project at Intel Research Seattle [11] , a person wears an RF tag reader. The utilization of an object is approximated by the detection of a tag on the object. This is very simple, however it is difficult to distinguish the situation where a person just touches the object from the actual utilization. Also, the chance of association is lost by the failure of the detection. These are because the approach is based on the single point of utilization, i.e. touching. Moreover, there is a tradeoff in the range of the tag detection. The short range detection using a passive tag can reduce the chance of the detection of an incorrect object that is not utilized but just exist in the range, as well as the low cost and maintenance free natures on the tag side. However, it leads to the mis-detection of a tag that an active tag solves. Similar to the approach, radio signal strength can be utilized to measure the proximity of two devices [3] . However, the signal strength is easily affected by the orientation of the body and placement of devices. Therefore, the proximity of the movements within a certain period of time provides robust results. A correlation coefficient is a metric of the proximity of signal patterns in the time domain. Features in the frequency domain have been utilized to characterize human activities [2] . However, it is insufficient to utilize simple features like the sum of the squared discrete FFT component magnitudes of the signal, since they do not represent the difference in the phases of the signals on both the object and the body side. Imagine that two persons riding bicycles of the same size of wheels at the same speed. Here, the same patterns of the frequency component distribution can be seen. Another interesting but more complex approach working with the frequency domain is [9] . That is based on a coherence function which represents the correlation of the power spectrum between two signals. In that paper, a system can determine if two devices are carried by the same person with 100 % accuracy. However, it requires a sliding window of 8 seconds of the data, and it is too a long to initiate a service on the detection of the association.
Overview of Association Algorithm
The algorithm aims at associating an object with its user in an environment where more than two persons including the user are in close vicinity. We assume that 3-axes accelerometers are attached on both a user's side and an object's side. The data processing is done on a personal terminal like a PDA and a mobile phone.
Algorithm Requirements
The requirements for the algorithm are listed below.
Timeliness: In our experiences, a user expects an object to act as a kind of switch to an action (imagine pressing the remote control buttons for a TV set), which means he/she can wait only for a few seconds for the service. So, the association should be made quickly when the result is utilized as trigger of a service.
Scalability in the type of an object: A person uses various types of objects. From the application developer's point of view, the association algorithm should have minimum dependency on the type of an object. This means a developer should only adjust some parameters for each object.
Infrastructure independency:
The most prominent advantage of the wearable computing paradigm is that a user can be free from a specific place and can move anywhere with continuous service provision. So, the processing should not be done, for example, on a server in a specific location. In other words, a sensor on an object and a processing terminal of a user need to communicate each other directly, and the association is made without a central coordinator.
Improvised association: To initiate a service in a spontaneous way, the user needs to be associated with a specific object even if the object is not known to the service. Traditional association (or identification, in this context) methods require pre-registration of some features. For example, in fingerprint recognition, the fingerprints are recorded and stored in advance, and additionally, the user needs to put a finger on the sensor consciously.
Utilization of Correlation Coefficient
To realize the association in a distributed and improvised manner, a metric that represents the proximity of the acceleration signal pattern is calculated on the user's side (terminal), and then it is evaluated to find the most proximate pair within all the terminals in a dedicated space. As the metric, we have selected correlation coefficient since it is lightweight for timely association.
Here, d 1 and d 2 represent the data sets obtained (from the wearables and the artefacts) and to be associated at a specific period of time (i.e. window). The overline d i denotes the mean value in the window, and the sum (Σ) is calculated over the window.
Note that the selection of the most proximate pair can be done either on the object side or on the user's terminal side. This will be investigated in our future work and it is out of the focus of this paper. Here, we focus on the validity of the correlation coefficient as a metric for association.
Data Collection Experiment
In this section, the data collection experiment is described. We consider that daily objects are categorized in terms of its utilization into two: 1) periodic and 2) non-periodic. Figure 1 shows the categorization and the actual objects utilized. In the periodic utilization, a basic movement pattern repeats itself after a certain amount of time, i.e. back-andforth motion. A wide variety of daily objects are selected to see the scaleability of the proposed procedure: the repetitive rate ranges from low (bicycle) to high (toothbrush), the part of body for the utilization leg (bicycle), left wrist (door), and right wrist (others). The non-periodic utilization happens only once per usage and continues for a relatively short time. We also selected two types of objects for this category: the duration of utilization is very short, i.e. a door (knob), and long, i.e. a bottle. 
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Methodology of Data Collection
In this experiment, a wireless sensor node that had been built at University of Oulu was utilized ( Figure 2 ). The node is equipped with a 2.4GHz wireless communication module manufactured by Nordic Semiconductor [10] . A base station connected to a laptop via USB polls every node once per about 60 msec (approx. 17 Hz). The communication range is about 3 meters. A three axes accelerometer, an ambient light sensor, a temperature sensor, an air pressure sensor, and a microphone are available on the node. Five to seven subjects participated to the experiment, where three trials were done for the non-periodic case, and the data of two minutes were collected for the periodic case. The dominant hand to utilize the target object was unified (the left hand is specified for the door knob while the right hand for all the other objects except for the bicycle.). The data from all the sensors were stored into files, and then only the data from the 3-axes accelerometer were utilized. Figure 3 shows the scenes from the experiments and the attachment of the sensors on the body. As can be seen in the right-bottom corner of the figure, three nodes were on the body: the right thigh, the left wrist, and the right wrist. One exception was that a node was attached on the right shoe for the bicycle testing rather than on the right thigh, since we considered that the closer is the better (in this case, a pedal is closer to a shoe than to a thigh.)
!"#$ Figure 4 draws the graphs for all types of objects obtained from the experiment, where the vertical axis is the composition of the three axes (square root of the sum of the squared amplitudes), and the two waveforms indicate the data from an object and from the part of body used for the object. For the toothbrush, the whiteboard cleaner, the vacuum cleaner, the dumbbell, and the bottle tests, the waveforms from wearables and artefacts are well correlated. Also, weak correlation can be observed for the waveforms in the bicycle and the door knob tests. In case of the bicycle, the data is noisy, and packet loss is observed (the flat part in the graph). A probable reason for noisy data is that the base station was on a shadow region. As can be seen in Figure 3 , the base station was put into a backpack for the bicycle test, which might interfere the radio propagation. Meanwhile, the door opening task consists of two steps of movements of the hand: 1) turning the knob down and 2) pulling the knob toward. They happen in a very short time (about 1.2 sec in the case), and the movement of the position, i.e. wrist, where the sensor is attached is different from the hand that is actually utilized to turn the knob down. These facts make the association difficult as described in section 5.3. In the next section, we examine the characteristics of a correlation coefficient to calculate the proximity.
Collected Data

Evaluation
Questions to Answer
To apply a correlation coefficient as the metric of the proximity of the signal patterns between two moving things, we need to answer the following questions:
1. Which way of the utilizing the correlation coefficient is appropriate?
2. What is the relationship between the size of the calculation window and the capability of association?
3. What is the relationship between the interval of the data sampling and the capability of association?
4. For what type of an object the correlation coefficient works well/bad?
Methodology of Evaluation
Definition of Accuracy of Association
The evaluation was done against the collected data with simulation-basis. Here, we define the criterion for a successful association, (ie. accuracy). We assume that two subjects (T and F) are in the range of communication with the target object, and one of them (T) utilizes the object. In this situation, the correct association is that subject T is selected as the user of the object. So, the accuracy is the ratio of the number of the correct associations through all the calculation windows. Figure 5 illustrates the simulated environment and the definition of the correct association. The real dataset on subject T gives the correlation coefficient Corr T . Note that the correlation coefficient is calculated for a particular window size. For subject F, the dataset collected at another moment, gives Corr F . When we simulate, we consider the case where these two persons utilize the same type of object in a close vicinity (thus, for simulation we consider that both datasets have been collected at the same time). The difference between the two values is Diff =Corr T -Corr F , and for a correct association, the difference is greater than zero. Although a correlation coefficient ranges from -1 to 1, the absolute value was utilized since the strong negative correlation happens when the two nodes are attached in the opposite orientations but move to the same direction. Furthermore, we pre-selected the most affective part of the body for every object to calculate the correlation coefficient. For example, the left wrist is utilized for the door knob case, rather than the right thigh. In our future work, an online selection algorithm needs to be investigated to avoid unnecessary calculations and the chance of accidental association. An object in the periodic category provides almost the same characteristic throughout the windows so the starting point of the utilization is not so important in a simulation study. Regarding the objects that fit into the category non-periodic (as in Figure 1 ), we utilized the first window as it is important to make an association available to trigger the initiation of a service. For these cases, the pattern might appear only once and it might happen that the accuracy against the window in the middle differs from the first one, which would misleads the evaluation. !"#$%&'
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Proximity Metrics by Correlation Coefficient
We have tested five ways of utilizing the correlation coefficients as a metric of the proximity for the signal patterns. The basic idea is that i) calculation against the composition of the three axes ( Figure 6-a) ) versus all the nine (=3x3) pairs ( Figure 6-b) ), and ii) utilization of the test of significance against a correlation coefficient. The five ways are as follows:
1. The coefficient using the composited data (rawcompo)
2. The maximum among the 9 pairs (raw-max)
3. The maximum among only significantly correlated in the 9 pairs (sig-max)
4. The coefficient using the composited data that passed the test (sig-compo)
5. The composition of the ratio of significantly correlated pairs in the 9 pairs and the maximum value among the pairs (sig-ratio-max) The composited acceleration indicates the level of the force in the utilization, while the axis-basis combination provides the correlation in the direction of the movement. So, in Figure 6 : A variety of proximity metrics by correlation coefficient the latter case, the correlation may be high even if the two nodes on both the object and the body are positioned a bit far from each other. For the former case, the effect of the distance is more severe, especially if there is a joint between the two nodes as can be seen in Figure 6 -b).
We expected that the utilization of a significance test could support making a reliable association. The test indicates if a correlation is significant and the comparison only among those that passed the significance test against the population would provide considered. We used the significance level of 5% (p=0.05). For sig-max and sig-ratio-max cases it is enough if one pair is significantly correlated. For the sigcompo case, the composited value need to be significantly correlated. Otherwise, the value Corr x (here, x is either T or F.) is set to zero, rather than setting it to the original (not significant) value. Here, the terminal that obtains no significant correlation over a time window, inevitably loses the comparison. This is a strict condition to get the accuracy measurement among the significance cases, only.
The composition in the sig-ratio-max case is the mapping into a single value from two dimensional metrics, i.e. ratio and maximum, as can be seen in Figure 6 -b). It provides high value even in the cases where i) the maximum is significantly correlated and very high but the others are insignificant pairs, and ii) the maximum is very low but the number of significant correlated pairs are very high. We expected that this gives better result compared to sig-max.
In the next section, the definition of the window size and sampling interval in this evaluation are presented.
Calculation Window and Sampling Interval
To answer the questions 2 and 3 presented in section 5.1, we observe the accuracy against the size of time windows and the sampling intervals. The questions are interesting since they can answer the fundamental question: "Which is relevant for the accuracy, the window size or the sampling interval?". In other words, is a large number of samples in a window necessary? Furthermore, is a long period of time for a window necessary?
The notion is presented in Figure 7 . Five levels of window sizes (5, 10, 20, 50 , and 100) were tested. The windows correspond to 0.3, 0.6, 1.2, 3.0, and 6.0 seconds, respectively. Half of a window is overlapped for the next dataset (in case of an odd number "5", "2" was utilized for the sliding number). Also, to test different length of intervals with the same datasets, the data was re-sampled from the collected ones at a specific rate. Here, the rate (depicted as "skip" in Figure  7 ) is 1, 2, 5, and 10, where "1" is the normal one without re-sampling while "5" means the re-sampling is achieved every 5 samples (300 msec.).
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Answers to the Questions
In this section, we show the results of analysis and discuss on the items listed in section 5.1.
Differences in Metric Calculation
As described in section 5.2.2, five types of proximity metrics by a correlation coefficient were tested. Figure 8 shows the results for all objects utilized in the experiment. The metrics raw-max and raw-compo provides better accuracy than the other three. One reason for the low accuracy with significance test-based metrics is considered that the calculated correlation coefficient is not large enough to pass the test. So, the value Corr x is set to zero, which can lead to the answer of incorrect association as described in section 5.2.2. The difference between raw-max and sig-max is due to this rejection. The additional reason for the low accuracy of sig-compo case is that the value is so small that the difference, Diff, becomes less than or equal to zero even if the test is passed. That means the composited signal patterns are not significantly correlated. The accuracy by raw-compo seems better than or equal to raw-max for those objects that are utilized by a firm grip, i.e. c) vacuum cleaner, d) dumbbell and h) bottle. Here, the effect of the joint is considered to be small, which allows to proximate the hand movement to the wrist movement. For the handbag, the accuracy by raw-compo is almost as high as raw-max, although the sensor node was put into a bag, and it is basically not an object that is utilized with a firm grip. We consider the reason for this is the structure of the bag itself and the way of holding it by the subjects.
The subjects did not swing roughly nor change the way of holding the bag during the test. So, if considering another type of a bag or the ways of utilization, the accuracy by raw-max might be better than raw-compo. 
Effects of Window Size in Accuracy
In Figure 8 , the relationships between the size of the window and the accuracy among objects can be seen. Basically, the accuracy gets better when the size of a window becomes larger. It is intuitive that the more samples helps represent the nature of the signal pattern better. However, this is applicable only if the duration of usage is large enough. In the case of the door, the opening activity finishes usually in a couple of seconds, so too large size of a window contains data that is not related to the activity. In this experiment, unnecessary part of the data is removed by hand, and the calculation stops if the number of the data is less than expected for the window, as is after 20 samples in Figure 8-g ).
For the case with periodic utilization, i.e. a) to f), the accuracy reaches 90% with the window size of 20 to 50 except for the bicycle case. As described in section 4.2, the reason for the low accuracy in the bicycle test is considered to be the interference in the coverage (base station in a backpack) and the noise from the jaggy road.
In case of the objects with non-periodic usage, i.e. g) and h), the accuracy becomes over 90% with the window size of 10 (0.6 sec) and 20 (1.2 sec) in the bottle and the door knob cases, respectively. In addition to the length of the utilization described above, the number of the datasets in this experiment needs to be considered. The number is low (20, for each trial) since, as mentioned in section 5.2.1, only the first window was utilized because of the non-periodic nature. Therefore, the deviation is large compared to the periodic cases even though the accuracy is better with low window size.
Effects of Sampling Interval in Accuracy
In section 5.2.3, we simulated different sampling intervals by skipping a certain number of data, i.e. 2, 5, and 10. Interestingly, we have found roughly two characteristics: 1) the shape of the "window size -accuracy" graph does not change with increasing intervals, and 2) the "saturation" of the graph appears earlier, on the other hand. We consider that the key reason for the difference is the rate of the repetition of a basic motion. Table 1 shows the approximate repetition rates using the data of Figure 4 . The first case can be seen in Figure 9 , which indicates the toothbrush and the repetition rate is the highest (3.5Hz). For this type of objects, a certain number of data is required to make the metric high enough. We consider this is because too small number of the data cannot represent the form of the original wave sufficiently. The second case is for those that is relatively slow in the repetition rate, and given by Figure 10 (the dumbbell), where the cases of the whiteboard cleaner, the vacuum cleaner, the bicycle, and the handbag are classified. The time to get the accuracy with 90 % is almost same among the four levels of intervals, i.e. about 1.5 seconds for the dumbbell. This suggests that too large number of the data in a short period of time gives little information about the form of the wave, and thus the proximity metrics does not become high enough. We consider there is a gray zone. In case of the whiteboard cleaner and the handbag, the waveforms change slightly when the sampling interval gets larger, where the repetition rate of these objects is about 1.8Hz. So, we consider the threshold exists around 2 Hz. For the objects in the non-periodic cases, such characteristics are difficult to find since the utilization completes in a very short time. Here, not enough samples can be obtained during the period. For example, the door opening by the knob happens only in 1.2 sec (see Figure 4) .
The characteristics allow a system designer to find an approximate size of window when sampling interval needs to be changed for some reasons. For example, 10 samples is acceptable with 120 msec interval for the dumbbell. The case without changing the shape of the graph (dumbbell), where the metric is "raw-max". Figure 8 suggests that the proximity metrics by a correlation coefficient are applicable for various types of objects regardless of the rate of repetition and the part of the body used in utilization of the object. Here, only the size of a time window and the sampling interval are subjects to adjust. For the non-periodic cases, an object that has a long period of usage, e.g. 3 seconds, like a bottle can follow the same manner. However, for an object that is utilized in a very short time, e.g. 1-2 seconds, it is difficult to get high accuracy with high precision (low deviation).
Scalability in the Type of Objects
In this paper, we have investigated the characteristics of a correlation coefficient to associate an object with its user. Five types of the proximity metrics by a correlation coefficient have been tested in terms of the performance to associate correctly. The size of the calculation window and the data sampling interval have also been evaluated. The basic characteristics we have found are as follows:
• High accuracy is achieved with the maximum value among 9 pairs (= 3 axes x 3 axes) of correlation coefficients, or the correlation coefficient calculated against the composited value of the three axes.
• The window with 20 to 50 samples provides accuracy over 90% except for the case of the bicycle. An object with non-periodic usage but with a long period of utilization is also applicable.
• There are two types regarding the relationship among the window size, the sampling interval, and the accuracy: 1) the number of the data in a window is relevant, and 2) a particular length of time is required to get the proximity metric high enough. The key factor is considered to be the repetition rate around 2 Hz.
Our approach can realize accurate association in approximately 3 sec (= 50 samples x 60 msec) at maximum without any prior registration of the patterns. We need to consider the other overheads of 1-2 sec in the overall system introduced in section 1: data transmission, waiting for the metrics from the other terminals, comparison of received metrics, etc. So, the size of the window (50) is the maximum so that a context-aware service can initiate a service on detection of a certain association. Meanwhile, the size can be set longer when an association is utilized just for monitoring the usage of a particular object, and thus a system will get more accurate result. To be successful in the stage of the proximity metric comparison, the number of terminals should be as low as possible. For this purpose, the range of wireless communication should be short enough for a sensor node on the body to communicate with the other node on an object. Also, another filter can be applied, that the comparison is done only when a subject is engaged in a specific activity related to the object. For example, a toothbrush is utilized with standing or occasionally sitting. We have already finished the design of the filtering mechanisms.
